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ABSTRACT

Visual representation decoding refers to the task of deciphering what a subject is seeing or visualizing
by observing the brain state via neuroimaging. In recent years, there is an increasing interest towards
tackling the aforementioned task through the use of machine learning approaches. This study aims
to provide an extensive evaluation that will serve as a baseline for visual representation decoding,
by exploring a wide range of model configurations, feature representations and evaluation setups. In
this way, this work lays the groundwork for developing more sophisticated and accurate decoding
pipelines. The evaluation results suggest that neural networks provide, on average, the best perfor-
mance, while choosing the most appropriate similarity metric for the class decoding process depends
mostly on the task at hand. Moreover, we demonstrate that the one-against-one approach, which is
used to evaluate the decoding performance in the literature, does not adequately reflect the system’s
accuracy, and we propose a more reliable evaluation setup. Finally, this work may also assist domain
experts to gain high-level insights about the brain’s function, though several interesting observations,
e.g., our findings hint brain regions that are dominant for specific tasks and back up related claims
about potential correspondence of the cortical hierarchy with deep visual representations.

© 2021 Elsevier Ltd. All rights reserved.

1. Introduction

Neural decoding is the process of cracking the code of
the brain encoding mechanism by observing the brain ac-
tivity of subjects executing a specific task. Brain activity
can be recorded via functional neuroimaging methods that
are capable of capturing the signal changes over time. Such
methods are Electroencephalography (EEG) (Niedermeyer and
da Silva, 2005; Arunkumar et al., 2017; Pacola et al., 2017;
Patel et al., 2018) and functional Magnetic Resonance Imag-
ing (fMRI) (Huettel et al., 2004; Plumpton, 2014; Amin et al.,
2017) can be used for various tasks and have provided data for
several neural decoding endeavors in the literature, regarding
tasks ranging from walking (Gwin et al., 2010; Presacco et al.,
2011) and dancing (Cruz-Garza et al., 2014) to sleep (Tagli-
azucchi and Laufs, 2014; Horikawa et al., 2013).

Visual representation decoding is a special case of neural de-
coding that refers to the task of predicting the visual stimulus

∗∗Corresponding author:
e-mail: akpapadim@csd.auth.gr (Angeliki Papadimitriou)

that elicited the observed brain activity. This stimulus is en-
coded as an internal neural representation by the subject. The
goal is to recover this representation by partially observing the
brain state using a neuroimaging method, e.g., EEG or fMRI,
allowing for classifying or or even reconstructing the visual
stimulus that elicited the observed activity. The term generic
decoding refers to the additional property that allows for de-
coding representations of images that belong to categories for
which the model has not been trained. Hence, it is desirable to
design a model that not only learns the mappings of fMRI data
to images, but can also competently generalize to recognize an
arbitrary stimulus.

To this day, the way the brain encodes and organizes vi-
sual information remains a partially understood -yet immensely
complex- process and an area of active research in neuro-
science (Wen et al., 2017; Horikawa and Kamitani, 2017;
Güçlütürk et al., 2017). The internal representations of the hu-
man brain are not known and, therefore, it is impossible to di-
rectly train a decoding model that translates brain activity sig-
nals to visual content. To overcome this limitation, an interme-
diate step is necessary to project both the visual content (im-
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Fig. 1. Generic visual representation decoding from human brain activity data

ages) and the brain activity data to the same feature space and
successfully decode the neural activity. The work by Horikawa
and Kamitani (2017) hinted that the features extracted from var-
ious levels of a deep Convolutional Neural Network (CNN) are
tightly correlated with the brain activity observed from various
brain regions. Hence, CNN features can serve as the required
(and appropriately regularized) intermediate neural representa-
tion that will assist a machine learning model (Nasrabadi, 2007)
to recognize patterns in the observed brain signals and ulti-
mately predict what a subject actually sees or imagines (Wen
et al., 2017).

In recent years, there is an increasing interest in visual rep-
resentation decoding with several methodologies being pro-
posed (Horikawa and Kamitani, 2017; Wen et al., 2017;
Güçlütürk et al., 2017; Wen et al., 2018). However, to the
best of our knowledge, there exists no comprehensive assess-
ment on the effect of different combinations of models, met-
rics and hyper-parameters on the decoding performance. The
main contribution of this paper is to provide a solid baseline
for the task of decoding generic visual representations from
brain activity. Therefore, we extensively evaluate different de-
sign choices for several parts of the decoding pipeline pro-
posed by Horikawa and Kamitani (2017), such as target fea-
tures, regression models and similarity metrics. Moreover, we
argue that the one-against-one approach, which is used to eval-
uate the model’s performance in the literature, does not ade-
quately reflect the system’s accuracy, since it solves a signifi-
cantly easier binary problem than the general (one-against-all)
decoding problem. This is also reflected by the high chance
level of 50% of the evaluation setup proposed by Horikawa and
Kamitani (2017). Instead, we propose and evaluate the pro-
posed approaches using a more realistic one-against-all setup,
which more reliably reflects the accuracy of a neural decod-
ing system. This paper also provides a reference point to de-
velop more sophisticated and accurate decoding pipelines. The
code used to perform the experiments is available on-line at
CODE-AVAILABLE-UPON-ACCEPTANCE, allowing for easily re-
producing the performed experiments.

The rest of this paper is structured as follows. The methodol-
ogy applied in the present study, along with the machine learn-
ing models and evaluation setups are described in Section 2,

while the used dataset, experimental protocols and extensive
evaluation results are presented in Section 3. Finally, conclu-
sions are drawn in Section 4.

2. Generic Brain Activity Decoding

We follow the generic brain activity decoding pipeline pro-
posed in (Horikawa and Kamitani, 2017). The employed
pipeline is summarized in Fig. 1. First, a subject performs a vi-
sual task, while his/her brain activity is monitored using fMRI.
Also, a CNN is used to extract a feature representation from
the corresponding images (as they are presented to the subject).
These representations can serve as a proxy for decoding the hu-
man brain activity for specific visual tasks, i.e., recognizing the
class of an image shown to or visualized by a subject. To de-
code the brain activity, a regression model is used to directly
predict the representation of the stimulus image using as sole
input the measured fMRI signals. Subsequently, the class of
the stimulus is deducted by comparing the decoded represen-
tation to a set of prototype class representations vectors. Note
that this regression-based pipeline can be effectively used to in-
fer the category/class for images which were never presented to
the subject and/or regression model during the training.

The decoding pipeline is formally defined as follows. Let
xi ∈ RN be a N-dimensional feature vector that is extracted
from the measured fMRI signals when the i-th experiment is
performed (Horikawa and Kamitani, 2017). Also, the nota-
tion y(t)

i ∈ RL is used to denote the representation extracted
from a layer of a CNN, when the image used for the i-th ex-
periment is fed to the network, while L is the dimensionality
of this representation. Apart from the image representations,
that are directly extracted from the CNN, prototype class repre-
sentation are complied for each class. This allows for generic
class decoding for classes that were never presented to the
model/subject during the training. The prototype class repre-
sentation for the k-th class is defined as:

y(avg)
k =

1
|Rk |

∑
y∈Rk

y ∈ RL, (1)

where Rk is the set of CNN representations extracted from the
images that belong to class k and |Rk | is the size of this set.

CODE-AVAILABLE-UPON-ACCEPTANCE
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A machine learning model fW(x) is then used to regress the
image representation y(t)

i using as input the corresponding brain
activity xi. The notation W is used to indicate the parameters
of the employed model. The output of this model is calculated
as y(r)

i = fW(xi) ∈ RL and can be used to infer the class of the
corresponding image by measuring the similarity of y(r)

i with
each of the class representations y(avg)

k . Therefore, the predicted
class k∗ of the object the subject sees or imagines is calculated
as:

k∗ = arg max
k

S (y(r)
i , y

(avg)
k ), (2)

where S (y1, y2) is an appropriately defined similarity metric be-
tween two vectors y1 ∈ RL and y2 ∈ RL. Note that (2) essen-
tially describes a Nearest Centroid Classifier (NCC) (Schütze
et al., 2008). The CNN representations y(t)

i are only needed
during the training process, as also shown in Fig. 1. Note that
the image representations are not needed during the inference
(test), since the class of the object that a subject sees or imag-
ines can be inferred using only the (precomputed) class repre-
sentation vectors.

2.1. Regression models

As mentioned in Section 1, the objective of this baseline
study is, inter alia, to assess the performance of various ma-
chine learning models for the task of decoding the brain rep-
resentations to the target feature vectors. In the present study,
four different regression models are evaluated. The employed
models are introduced below:

1. k-Nearest Neighbor Regression (kNN): The k nearest
neighbors of a est sample are used in k-Nearest Neighbor
Regression to infer the output representation by averag-
ing the (known) target vectors of its neighbors in the train
set (Hastie and Tibshirani, 1996). To take into account the
proximity of each training sample to the current sample,
the contribution of each neighbor is weighted according to
its similarity to the current input.

2. Linear Regression (LR): Linear Regression a well-
known and widely used regression model (Domingues
et al., 2010; Cui et al., 2018; Yuan et al., 2012). The out-
put of LR is calculated as: fW(x) = Wlrx + blr (Mosteller
and Tukey, 1977), where Wlr ∈ RL×N is the matrix that
contains the model’s parameters and blr ∈ RL is a vector
that contains the independent terms. The mean squared er-
ror between the target representation and the output of the
model is used for training:

Lmse =
1

2N

∑
i

|| fW(xi) − y(t)
i ||

2
2, (3)

where the notation ||x||2 is used to denote the l2 norm of a
vector x and N is the number of samples used for training
the regression model. The model can be also regularized
to avoid overfitting phenonmena. For example, in Ridge
Regression (RR) (Hoerl and Kennard, 1970), the l2 norm
of the regression parameters is used to this end.

3. Kernel Regression (KR): Kernel Regression is a pow-
erful non-linear variant of LR. In KR the data are first
projected into a higher-dimensional space, where they can
be better separated (Shawe-Taylor et al., 2004; Liu et al.,
2013), using the so-called kernel trick.

4. Multilayer Perceptrons (MLP): Multilayer Perceptrons
are powerful models that can model complex non-linear
relationships between the input data and their targets us-
ing multiple layers (Haykin, 2009). Note that MLPs are
often prone to overfitting, especially when a small number
of training samples is used, leading to the development of
several regularization methods, such as Dropout (Srivas-
tava et al., 2014) (also abbreviated as “drop.” in this pa-
per). The networks used in this paper are trained to mini-
mize the squared error loss function given in (3) using the
Adam optimizer (Kingma and Ba, 2014).

2.2. Class Decoding

The resulting regressed vectors are provided as input to a
class decoder that selects the most probable image class. The
original setup proposed by Horikawa and Kamitani (2017) em-
ploys a similarity metric to compare the decoded feature vector
to each of the class representations. The class, whose represen-
tation is most similar to the regressed vector, is the best candi-
date image class as described in (2). In this paper we thoroughly
study the effect of different similarity metrics on the accuracy of
the decoding. The following similarity metrics are considered:

1. Euclidean similarity: The Euclidean similarity is com-
puted as the inverse of Euclidean distance:

S euclidean(y1, y2) =
1

1 + ||y1 − y2||2
. (4)

2. Cosine similarity: The cosine similarity is defined as the
angle between two vectors:

S cosine(y1, y2) =
yT

1 y2

||y1||2||y2||2
. (5)

3. Pearson similarity: The Pearson similarity (correlation)
between two vectors is computed as:

S pearson(y1, y2) =
(y1 − µ1)T (y2 − µ2)
||y1 − µ1||2||y2 − µ2||2

, (6)

where the notation µ1 and µ2 is used to denote the average
of the values in vectors y1 and y2 respectively.

2.3. Evaluation Protocol

Using the setup proposed in (Horikawa and Kamitani, 2017),
the model’s accuracy is calculated by determining the percent-
age of the candidate categories for which the similarity between
the given category and a test sample is smaller than the simi-
larity with its correct class. However, this setup does not ad-
equately reflect the decoding system’s accuracy, as it consid-
ers the prediction and the candidate classes in a pairwise (one-
against-one) fashion. For every pair to be considered, the prob-
ability of a random match is 50%, as this setup only considers
binary decision problems (correct class vs. one other candidate
class). As a result, the identification accuracy reported using
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this evaluation setup may be positively skewed by a significant
amount, especially since in the original setup a large number
of irrelevant distractors (with vastly different class representa-
tions) are used.

More often than not, rather than deciding between two can-
didate classes (one-against-one), we are interested in differen-
tiating between multiple classes (one-against-all). To this end,
we propose a more realistic evaluation setup where the category
of each sample must be inferred among all the candidate cate-
gories. The most probable candidate image category is again in-
ferred by measuring the similarity between the decoded feature
vector and each of the class representation vector, as described
in (2).

3. Experimental Evaluation

The experimental evaluation is provided in Section. First,
the used dataset and feature extraction methods are described
in Subsection 3.1, while the different experimental setups are
introduced in Subsection 3.2. Finally, the experimental results
are presented and discussed in Subsection 3.3.

3.1. Data
In the present study, we use the publicly available dataset de-

scribed by Horikawa and Kamitani (2017). It consists of fMRI
data from 5 human subjects performing visual tasks. Note that
we cannot train a model using the data of all 5 subjects, since
the fMRI representations extracted from different subjects can
vary widely and performing transfer learning from one subject’s
encoding to another’s is not trivial (Wen et al., 2018). Instead,
a separate encoding model is trained and evaluated individu-
ally for every subject and the performance is averaged across
all subjects in the final evaluation step. In total, for every sub-
ject, there exist 3,450 brain activity samples, 1,200 for train-
ing and 2,250 for testing, each corresponding to a visual stimu-
lus. The stimuli images are natural images from the ImageNet
dataset (Krizhevsky et al., 2012). Notably, the images that form
the train and test sets belong to non-overlapping classes, i.e.,
ImageNet synsets, prohibiting the use of traditional classifica-
tion algorithms for the task of neural decoding. In particular,
the train set consists of 150 image classes and the test set of 50
image classes.

The data cover two distinct visual tasks performed by each
subject: a) the image presentation task, where images were di-
rectly shown to the subjects and b) the imagery task, where the
subjects were instructed to visualize images that correspond to
a given word. The dataset contains a total of 1,750 test samples
per subject for the image presentation experiments and 500 test
samples per subject for the imagery experiments. The interested
reader is referred to (Horikawa and Kamitani, 2017) for more
details regarding the data collection protocol and experimental
setups.

Each data sample contains information from multiple brain
regions specialized in visual processing, that are summarized
in Fig. 2. Specifically, the data include voxel information from:

• the areas V1, V2, V3 and V4, that are responsible for de-
tecting edges, color and contours,

Fig. 2. Schematic view of the visual cortex with highlighted regions of in-
terest

• the lateral occipital complex (LOC), that is involved with
shape and object processing,

• the fusiform face area (FFA), that is specialized in the en-
coding and recognition of faces, and

• the parahippocampal place area (PPA), that is responsible
for spatial information encoding.

Hence, three clusters of regions can be formed to provide a
hierarchical understanding of the visual system: a) the lower
visual cortex (LVC) that includes voxels from areas V1-V3, b)
the higher visual cortex that comprises regions LOC, FFA, PPA
and c) the entire visual cortex (VC) that encompasses all the
aforementioned sub-regions. All the extracted voxels from the
corresponding brain regions were used in the conducted exper-
iments, i.e., we did not select only the voxels with the highest
correlation, as in (Horikawa and Kamitani, 2017). This allows
for retaining as much information as possible.

The images used as stimuli for the image presentation task
are fed to a CNN that performs feature extraction. The use
of a CNN layer for this task is not arbitrary. As discussed
in (Horikawa and Kamitani, 2017), the features extracted from
various layers of a CNN are tightly associated with the activ-
ity of various parts of the human visual cortex. The resulting
feature vectors serve as the targets of the regression model that
learns the mapping from recorded brain activity to natural im-
ages. Hence, every image is represented by an L-dimensional
feature vector. In addition, for every class of images, a class
representation is computed, as described in (1).

The AlexNet, which is composed of 5 convolutional (CNN1-
CNN5) and 3 fully connected layers (FC1-FC3), was used to
extract the target representations (Krizhevsky et al., 2012). The
model was pre-trained on the ImageNet dataset (Krizhevsky
et al., 2012), while 1,000 activations were randomly sam-
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pled from each layer to compile the feature representa-
tion (Horikawa and Kamitani, 2017). For all reported experi-
ments in this study, we used the available feature vectors, pro-
vided by the authors of (Horikawa and Kamitani, 2017) and
produced as described above, to allow for easily reproducing
the conducted experiments. Furthermore, we carried out mul-
tiple additional experiments using both image representations
and class representations as targets.

3.2. Experimental Setups

The conducted experiments include extensive evaluation of:

• deep target features from different layers,

• multiple regression models,

• various similarity metrics,

• using image representations as the regressor’s targets com-
pared to the class representations,

• the one-against-one versus the one-against-all approach
for measuring the model’s accuracy.

Unless explicitly stated, all experiments use the feature rep-
resentations extracted from layer CNN5 and are evaluated using
the Pearson metric. Both the input features xi and the visual rep-
resentations y(t)

i were normalized using z-score normalization,
i.e., normalized to have zero mean and unit variance. Note that
this implies that the output of the regression model must be re-
centered and re-scaled using the computed mean and standard
deviations before performing the class decoding. The following
hyper-parameters were used for all the conducted experiments.
The 5 nearest neighbors were used for regressing the represen-
tations using the kNN model. The weight of the regularizer was
set to 1 for the RR, while a 2nd degree polynomial kernel led
to the best performance for the KR model (the weight of the
regularizer was set to 0.005, while a constant value of 10 was
added to the kernel). After experimenting with various MLP ar-
chitectures, an MLP with with one hidden layer was used. The
hidden layer is composed of 300 neurons that use sigmoid acti-
vation functions. The dropout probability was set to 30% (ap-
plied to the input layer only). The MLP models were trained for
100 epochs using batch size 128 employing the Adam optimizer
(learning rate was set to 0.001 and the default hyper-parameters
of the optimizer were used (Kingma and Ba, 2014)).

3.3. Experimental Results

The extensive evaluation of the decoding pipeline has yielded
some interesting findings. The first set of experiments exam-
ines the effect of choosing different machine learning models
for the regression tasks of image presentation and imagery.
The same experiments were conducted using both the image-
specific targets (Image Representation) and the class-averaged
targets (Class Representation). A summary of the results is
showcased in Fig. 3.

For the image presentation task, the best accuracy score is
achieved by the MLP regressor for the VC brain region. The
predominance of the MLP model becomes even more evident

when using the class-averaged representations (Fig. 3.c). Re-
gions V1-V4 seem to perform increasingly better, a finding that
reflects their inherent hierarchical structure in the brain itself.
Another interesting finding is that for the FFA region, non-
linear models outperform the linear models, while for the PPA
region the opposite is true. HVC’s performance exceeds the
performance of each of its sub-regions. This finding suggests,
that the voxels of the higher visual cortex areas provide com-
plementary information, leading to much richer representations
when processed as one structure. However, there is a drop in
the accuracy score for all brain regions when the models were
trained with the class representations. This may be explained
by the fact that image representations preserve the features’ di-
versity power, as opposed to the class representations that are
averaged, and hence collapsed in the feature space.

Regarding the imagery task, this trend is reversed. Using
class representations yield significantly better results than their
image-specific counterparts (Fig. 3.d). Indeed, the imagery task
experimental protocol required that the subject visualized on
cue as many images of a specific category as possible. Thus,
the internal thought process of the subject might approximate
the averaged class representation, explaining the better perfor-
mance of these targets. This time, the top performing mod-
els are kNN and MLP+drop., both in the HVC region, for the
image-specific and class-averaged targets respectively. In gen-
eral, kNN seems to be more robust to distribution shifts caused
by feeding the brain activity features of the imagery task to the
model, since its output is always a constrained linear combina-
tion of the training targets.

Overall, the accuracy achieved in the imagery task is criti-
cally lower than the image presentation task. We speculate that
this is the case because the imagery task carries a greater in-
trinsic variability, as the high-level encoding circuitry is not
as genetically hard-coded as the primary visual cortex and its
adjacent sub-regions. The latter structures, are present in all
mammals (Krubitzer, 2007), have been preserved for millions
of years across species and, therefore, their function is far more
homogeneous among humans compared to higher visual areas.

Our experimental results on the correspondence of certain
brain regions with the levels of deep CNN representations, sup-
port the finding of (Horikawa and Kamitani, 2017) that sug-
gests tight association between hierarchical visual areas and the
complexity levels of visual features. Indeed, as illustrated in
Fig. 4.a, for the image presentation task, features extracted from
the convolutional layers tend to be better predicted by brain re-
gions of the lower visual cortex. However, for the imagery task
(Fig. 4.b), higher cortex brain regions outperform the lower vi-
sual cortex sub-regions for all level representations, as was also
the case in Fig. 3.b and 3.d. If we assume that the internal
processes of the two tasks in the brain are similar, this finding
suggests that the lower visual cortex areas are not particularly
involved during visual imagery tasks. This hypothesis is also
supported by the fact that HVC alone is the top performing re-
gion for the imagery task, compared to the presentation task
where VC, encompassing all sub-regions, scored the highest.
If this hypothesis is false, then these results may hint that the
analogy between CNNs and cortical hierarchy does not hold
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Fig. 3. Impact of various regression models on decoding accuracy

for tasks other than the image presentation. Nevertheless, the
results clearly point to certain correlations between deep rep-
resentations and brain regions, a property that can be further
exploited to obtain better accuracy.

The different similarity metrics (described in Section 2.3)
were evaluated for the best performing model of both the im-
age presentation and imagery tasks, i.e., for the MLP and kNN
models respectively. As shown in Fig. 5, Pearson similarity
yields the best results for the image presentation task, while
Euclidean similarity considerably boosts the accuracy score on
the imagery task.

Finally, the evaluation results for the one-against-one and
one-against-all approaches is depicted in Fig. 6 for the same
model, brain region and deep representation. The results refer
to the problem of generic decoding from 50 unseen image cat-
egories, hence the one-against-all chance level is 2%. Note that
the accuracy scores drop significantly when the one-against-all
method is applied, highlighting the importance of following a
robust protocol for the evaluation process. Nonetheless, the re-
sults for both tasks are analogous to the previous findings re-
garding the margin from chance level. These results suggest
that we are still far away from developing practical and robust
methods for performing visual representation decoding from
human brain activity, while there is much room for improve-
ment of the existing methods for the aforementioned task.

For a complete report of the experimental results, that can be
used for comparing new methods to the presented baselines and
generating accuracy plots, the reader is referred to the Supple-
mentary Material.

4. Conclusions

An extensive evaluation of the decoding pipeline was per-
formed in this paper, experimenting with various parts of the
process, from the appropriate selection of the target features
and regression models to the similarity metrics used in the class

decoding step. Furthermore, a more general one-against-all ap-
proach was introduced for the evaluation step, to more reliably
capture the system’s accuracy.

The reported experimental evaluation is expected to serve as
a baseline for the task of visual representation decoding. This
work provides empirical information about which models per-
form best for each visual task, how to determine which feature
layer representation to use as the regressor’s targets and what
similarity metric most efficiently captures the complex relation-
ships of the decoded image representations. Interestingly, the
reported results may also provide some insight regarding our
own brain function on visual processing, as is hinted in Sec-
tion 3.

References

Amin, J., Sharif, M., Yasmin, M., Fernandes, S.L., 2017. A distinctive approach
in brain tumor detection and classification using mri. Pattern Recognition
Letters .

Arunkumar, N., Ramkumar, K., Venkatraman, V., Abdulhay, E., Fernandes,
S.L., Kadry, S., Segal, S., 2017. Classification of focal and non focal eeg
using entropies. Pattern Recognition Letters 94, 112–117.

Cruz-Garza, J.G., Hernandez, Z.R., Nepaul, S., Bradley, K.K., Contreras-Vidal,
J.L., 2014. Neural decoding of expressive human movement from scalp
electroencephalography (eeg). Frontiers in Human Neuroscience 8, 188.

Cui, J., Zhu, Q., Wang, D., Li, Z., 2018. Learning robust latent representation
for discriminative regression. Pattern Recognition Letters .

Domingues, M.A., de Souza, R.M., Cysneiros, F.J.A., 2010. A robust method
for linear regression of symbolic interval data. Pattern Recognition Letters
31, 1991–1996.
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